Abstract. Multimodal biosignals play an increasing role in medical signal processing. While many novel methods for acquisition and sensorfusion are developed and evaluated, the modeling aspect sees relatively little attention. To overcome this, a synthesizer framework for the generation of multimodal cardiorespiratory signals is presented. The first part of the model consists of a dynamic system of six coupled nonlinear ordinary differential equations. The resulting oscillators generate modality-independent cardiac and respiratory phase signals, which are coupled by respiratory sinus arrhythmia. Moreover, Mayer oscillations of the heart rate are simulated. The second part of the model consists of modality-dependent waveform generators. For each modality, these waveform generators operate with a specific cardiac template that is modulated depending on the respiratory phase signal. The approach is validated qualitatively and quantitatively on three different databases for a variety of biosignals, namely standard electrocardiography (ECG), blood pressure signals, ballistocardiography, photoplethysmography, capacitively coupled ECG as well as respiratory flow and effort. Finally, the possibility to simulate a multimodal recording by combining templates obtained from different databases is demonstrated. The resulting multimodal biosignals mimic important physiological aspects such as modulation due to respiration and exhibit plausible phase relationships. An application of the model to evaluate an algorithm for sensor fusion is demonstrated.
Introduction
The acquisition of multimodal cardiorespiratory signals is a cumbersome process and involves the solution of many challenges. First, the appropriate measurement hardware has to be available. Second, trained personnel to perform the measurements is needed. And if experimental, non-commercial hardware is used, the question of safety has to be addressed. If certain pathologies have to be recorded, the respective patients have to be recruited and ethical concerns have to be addressed. Finally, reference measurements and annotations have to be performed. Thus, the development of methodologies and algorithms has traditionally been reserved to an elite group of researchers with the required resources. To overcome this, two major solutions exist.
First, the sharing of data among research groups helps to democratize biomedical research. Here, the most prominent example is the public database PhysioNet (Goldberger et al., 2000) , which grants free access to anyone interested in the procession of biosignals of various kinds. As such, it provides a common dataset that makes results from different groups comparable. This is most obvious in the annual PhysioNet / Computing in Cardiology challenges, where groups from all over the world compete to solve relevant medical signal processing problems, such as the suppression of false cardiac arrhythmia alarms in the ICU (Clifford et al., 2015 (Clifford et al., , 2016 . In this particular challenge, many works were centered on multimodal signal processing and sensor fusion (Plesinger et al., 2016; Hoog Antink et al., 2016) . By definition, multiple data streams need to be available for sensor fusion, which reduces the amount of usable data for testing and development. In terms of data availability, the situation is even worse when it comes to the growing field of experimental, unobtrusive modalities . Here, our group has contributed by sharing the "UnoViS" database , which is briefly described in section 2.3.3.
The second approach is the use of artificial signals. One advantage is the practically infinite availability of data. The other is the exact control over physiological and nonphysiological parameters such as heart rate and its variability or the amount of noise and artifacts. This is in particular helpful to evaluate the robustness of signal processing methods in various scenarios. At the same time, the usefulness of such artificial signals strongly depends on the quality of the used models.
For classical modalities, several approaches exist. The electrocardiogram (ECG) has been modeled using, for example, polynomials (Joki et al., 2010) , burst-type signals (Mukhopadhyay and Sircar, 1996) or hermitian functions (Karimifard et al., 2006) . A dynamic model based on Gaussian functions to represent the different fiducial points of the ECG was presented in McSharry et al. 2003 and has found many applications since. This model was further augmented to reproduce realistically coupled respiratory and blood pressure (BP) signals in Clifford and Mcsharry 2004a . In both approaches, heart rate variability (HRV) was introduced by a method described in McSharry et al. 2002, where Gaussian distributions were used to represent the distributions of RR-intervals in the power spectrum of the tachogram. The model was later expanded and improved to generate realistic 24-hour data (Clifford and McSharry, 2004b) .
In the work of Sayadi et al., coupled ECG and BP signals were generated including normal as well as abnormal beats (Sayadi and Shamsollahi, 2010) . Here, a Hidden Markov Model (HMM) was used to switch between normal and abnormal beat types. In (Sayadi and Shamsollahi, 2013) , the model was used for denoising and pulse transit time estimation.
To model photoplethysmography (PPG) signals, fewer models are available. The model described in Martin-Martinez et al. 2013 , for example, used two Gaussian functions and a linear drift component to describe individual pulses. In a similar manner, Couceiro et al. 2012 used a superposition of four Gaussian functions. For unobtrusive and non-clinical modalities such as reflective or remote PPG, capacitively coupled ECG (cECG) or ballistocardiography (BCG), the number of models is even smaller (Böhm et al., 2015; Yao et al., 2014) .
Multimodal biosignal acquisition is a growing trend which started with patient monitors that record classical clinical modalities such as ECG, BP, and PPG simultaneously. Today, smart watches and fitness trackers are equipped with multiple sensors that allow the estimation of vital signs. Moreover, objects of everyday living such as chairs and beds are augmented with multiple sensors, for example, cECG, reflective PPG, and BCG Baek et al., 2012) . As the PhysioNet challenges have demonstrated, sensorfusion, i.e. the joint analysis of multimodal data streams, can advance the field of medical signal processing. However, the modeling aspect of this trend sees relatively little attention: In particular, there is no model that presents a universal approach to the generation of multimodal cardiorespiratory signals. However, such a model would be desirable for various reasons. For one, the generation of realistic, consistent multimodal signals allows testing and development of sensorfusion algorithms. This may not be possible by using existing models, since many modalities are not covered. In addition, the problem of consistency arises. For example, respiration will influence the heart rate, which will be the same in all cardiac related signals. At the same time, it may also modulate the signal's amplitude, but the effect may be different for an ECG or a PPG signal. For another, a multimodal model might be used in the future for model-based signal processing approaches or to infer diagnostic information.
Thus, we propose a synthesizer framework that combines existing ideas, physiological relationships and novel approaches. In particular, we model the generation of cardiorespiratory signals from an abstract source-filter perspective. In our algorithm, the sources of cardiorespiratory activity are the heart and the lung, which are represented by coupled oscillators. These oscillators generate two abstract, modality independent phase signals representing cardiac and respiratory activity. From this phase information, cardiorespiratory signals to emulate various sensors are derived using data-driven, modality dependent templates. The structure of the paper is outlined in Figure 1 .
In the next section, the system of coupled oscillators (2.1) as well as the template approach (2.2) are introduced. Moreover, the three datasets (2.3) as well as the experiments (2.4) used for evaluation are described. In the results section, both aspects of the model are evaluated separately. The ability to reproduce physiological dependencies in a virtual measurement is demonstrated by combining modalities that were not recorded together. Finally, an application of the model to test a sensor fusion algorithm is demonstrated. Figure 1 : Outline of the paper.
Materials and Methods
Our source-filter approach is displayed in Figure 2 and can be subdivided into two parts.
Modality-dependent waveform generator, e.g. PPG Modality-dependent waveform generator, e.g. BP
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Figure 2: Overview of the proposed model. The modality-independent part of the model generates respiratory and cardiac phase signals, which drive modality-dependent waveform generators.
The two main sources of cardiorespiratory signals are the heart and the lung, which are represented by a system of coupled nonlinear differential equations, see Section 2.1. Both sources generate abstract phase signals ϕ resp and ϕ card , which are modalityindependent. Thus, independent of the combination of cardiorespiratory signals that are generated by the model, it always consist of one lung, one heart, and one Mayer oscillator. To generate a virtual sensor signal, a modality-dependent filter stage is introduced, see Section 2.2. For each simulated sensor output, an individual waveform generator is necessary.
Coupled Oscillators
The beat-to-beat interval of cardiac signals in steady state is modified by mainly two components, which are represented as two peaks in the spectrum of the RR-interval signal (Malik and Camm, 1990 ; Task Force of The European Society of Cardiology and The North American Society of Pacing and Electrophysiology, 1996) . The first highfrequency (HF) peak occurs between 0.15 to 0.4 Hz and is caused by the Respiratory Sinus Arrhythmia (RSA) (Hales, 1733; Ludwig, 1847) . This phenomenon describes a decrease in interval length (increase in heart rate) during inspiration and increase in interval length (decrease in heart rate) during expiration. The second, low-frequency (LF) peak between 0.04 to 0.15 Hz is associated with Mayer waves, which describe a slow oscillation of heart rate and blood pressure with a period of approximately 10 seconds. Although the phenomenon is known for more than a century, its exact origin and function are still disputed (Julien, 2006; Reyes del Paso et al., 2013) . Explanations range from an endogenous oscillator located either in the brainstem or in the spinal cord (Pfurtscheller et al., 2017) to oscillations in the baroreflex feedback loop (Guyton and Harris, 1951; de Boer et al., 1987; Goldstein et al., 2011) .
Both, the LF as well as the HF component are not represented by a clear peak but rather by a distribution of a certain width and shape. Thus, we propose to model the cardiac phase signal with a harmonic oscillator, whose mean frequency f HR is modulated by an LF and HF oscillator. The LF and HF oscillator are in turn described by a mean frequency (for example f LF = 0.1 Hz and f HF = 0.25 Hz) and two band-limited random modulation or "jitter" components, γ LF (t) and γ HF (t), respectively. Thus, the the system can be described with six coupled nonlinear ordinary differential equations,
where f 1 ,f 2 , k LF and k HF describe the respective modulation functions and parameters.
Here, s 1 and s 2 are the states of the Mayer oscillator, s 3 and s 4 are the states of the lung oscillator and s 5 and s 6 are the states of the heart oscillator, see also Figure 4 . In these harmonic oscillators, the states s 2,4,6 and s 1,3,5 can be interpreted as sine and cosine of the respective phase. In consequence, the phase signals can be obtained with the arctangent function,
ϕ resp (t) = atan2 (s 4 (t), s 3 (t)) , and (8)
If one assumes a sinusoidal modulation with f 1 = sin(ϕ mayer (t)) and f 2 = sin(ϕ resp (t)), the equations simplify tȯ
Note that due to the nonlinear coupling, analytical solution of the differential equations is prohibitively complex and thus forward simulation using a Runge-Kutta method is used.
Waveforms
Due to the quasi-periodic nature of cardiac activity, a cardiorespiratory signal x can be approximated by a template T card represented in terms of the phase of the cardiac cycle,
see for example McSharry et al. 2002 . In general, this cardiorespiratory signal is influenced by some sort of respiratory component. For example, the height of the QRS complex is modulated by the respiration, a phenomenon exploited in ECG derived respiration (EDR) (Moody et al., 1985 (Moody et al., , 1986 . In many unobtrusive measurement modalities, the respiration further creates a strong additive component. In bedintegrated BCG systems, for example, a respiratory component with a significantly higher amplitude than the cardiac component of interest can be observed and is often removed by highpass filtering (Brüser et al., 2011) . Thus, we propose to model the sensor signal of interest aŝ
Here, T card (ϕ card (t)) is the template waveform associated with the cardiac cycle for a specific modality, for example, the ECG. T resp,mod (ϕ resp (t)) represents the modulation of the cardiac template due to respiration, for example observed in the changing height of the R-peak. T resp,add (ϕ resp (t)) is the additive component caused by respiration, often dominant in unobtrusive modalities. Thus, this representation allows an elegant incorporation of the quasi periodic nature of cardiac and respiratory component by using two phase signals. Moreover, modulation and an additive component can be expressed in a straight forward way. Finally, this model also includes signals that only represent respiratory activity such as respiratory belts or nasal thermistors with
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Figure 3: Visualization of the template extraction process.
The extraction of the waveform templates is visualized in Figure 3 . To extract the templates from a given signal x(t), at first the cardiac and respiratory phase signals ϕ card (t) and ϕ resp (t) have to be obtained. Where available, reference annotations were used. Otherwise, the OSEA QRS detector (Hamilton, 2002) was applied to obtain a segmentation of the ECG. For segmentation of the respiratory signal, bandpass filtering with a passband of 0.1 to 0.3 Hz followed by peak-detection was applied to the respiratory reference.
Before extracting the templates, each signal x(t) was bandpass-filtered with a passband of 0.1 to 30 Hz to remove drift and high-frequency noise. Normalization to unit variance was performed unless noted otherwise. Next, the i ∈ 1 . . . N C segmented cardiac cycles x i were interpolated to be of unit length, for example, 100 samples. This way, each cycle can be represented on a regular grid in terms of the cardiac phase signal ϕ card :
. . .
With the example of 100 samples per cardiac cycle, −π corresponds to the first sample, ∆ϕ = 2π/100, and π − ∆ϕ corresponds to 100th sample. Segments exceeding the median segment energy by a threshold or exhibit an unphysiological interval length were excluded as artifacts. Finally, the mean template was calculated to obtain T card . To obtain T resp,add and T resp,mod , T card and the segmentation information was used to recreate a cardiac signal,x (t) = T card (ϕ card (t)) .
This was removed from the original signal and an optimization problem was formulated, arg min
To solve the problem efficiently, y(t) = x(t) −x(t) andx(t) were segmented into N R respiratory cycles using the respiratory phase signal. Next, all segments were interpolated to be of unit length and are thus represented on a regular grid in terms of the respiratory phase signal. This is analog to the process described above, and results in
This can be reformulated into a least-squares problem,
, and
Thus, the vector T can be obtained with matrix inversion,
Here, λ is the regularization parameter and W is the regularization matrix. To ensure smoothness of the extracted templates, a Laplace regularization matrix ‡ is implemented,
An RSA template T RSA was obtained in the same way by segmenting and interpolating the RR-interval signal using ϕ resp (t) and averaging for each respiratory cycle. For every subject, T RSA is then used for alignment of the respiratory phase. First, the maximum value of the RSA-template is detected. Next, the corresponding respiratory phase is defined to be −π,
This definition is applied to the templates T resp,mod and T resp,add as well.
The resulting overall structure when combining the coupled oscillators and the waveform generation is displayed in Figure 4 .
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Figure 4: Overall structure combining coupled oscillators and waveform generation. ‡ Since T resp,mod and T resp,add are interlaced in T , the negative components of the Laplace matrix occur at i = j − 2 and i = j + 2 and not at i = j + 1 and i = j − 1. Moreover, a wraparound occurs at the border of the matrix.
Data
To test the proposed approach, the Fantasia database (section 2.3.1), a polysomnography database (section 2.3.2) as well as a subset of the UnoViS database (section 2.3.3) were used.
2.3.1. Fantasia Database The Fantasia database (Iyengar et al., 1996) contains forty recordings of 120 minutes duration of healthy subjects and is available for free on PhysioNet (Goldberger et al., 2000) . It is subdivided into 20 young (21-34 years) and 20 old (68-85 year) subjects and each subgroup contains an equal number of women and men. For each subject, an ECG as well as a respiratory reference (RESP) is available. Moreover, for half of the subjects, an uncalibrated continuous non-invasive blood pressure signal (BP) is available. Thus, this database was used to estimate the mean templatesT i card ,T i resp,add , andT i resp,mod with i = {ECG, BP}, as well asT RESP resp,add and T RSA in this work; a subgroup analysis in both age groups is performed.
2.3.2.
Polysomnography Database Overnight polysomnography (PSG) data was obtained from 8 healthy volunteers as well as 25 insomnia patients recorded at the Boston Sleep Center, Boston, MA, USA . A full PSG recording was performed, including ECG, PPG, two airflow signals obtained with thermistors (FLOW1, FLOW2), as well as respiratory effort signals obtained from thorax and abdomen (THORAX, ABDOMEN). From this dataset, the functions T i card ,T i resp,add , andT i resp,mod with i = {BCG, PPG}, as well asT j resp,add with j = {FLOW1, FLOW2, THORAX, ABDOMEN} were estimated and evaluated. The ECG as well as FLOW1 were used as reference signals.
UnoViS Database
The "The MedIT Public Unobtrusive Vital Sign Database" (UnoViS) is a database containing unobtrusively measured as well as reference signals recorded in different scenarios . The database can be downloaded for free without registration at https://www.medit.hia.rwth-aachen.de/unovis/ and is available in the MATLAB as well as the open WFDB format used by PhysioNet. Here, the subset "UnoViS Auto2012" was used, which contains 31 recordings with a total duration of 13.4 hours. The data was recorded from six healthy subjects with a capacitively coupled ECG system integrated into the backrest of a car seat Wartzek, Eilebrecht, Lem, Lindner, Leonhardt, Walter, Member and Walter, 2011) . Three leads were derived from six capacitive electrodes (cECG1-3). In addition, a conductive ECG (Lead I, g.BSamp from g.tec, Austria) was recorded and used as a reference ECGREF here. As no respiratory reference was available, a pseudo respiratory signal was generated by bandpass filtering the RR-interval time series. This database was used to estimate and analyzeT cECG card ,T cECG resp,add , andT cECG resp,mod .
Analyses
To analyze the performance of the proposed model, several qualitative and quantitative experiments are performed.
2.4.1. Coupled Oscillators At first, the approach of coupled oscillators is validated qualitatively using exaggerated parameters to see if the phenomenon of RSA can be reproduced. Next, power spectra of the RR-interval series of selected recordings taken from the Fantasia database are recreated. To analyze the resulting distributions, Monte Carlo simulations were performed. Since the proposed oscillator coupling is nonlinear and respiration and the Mayer oscillator are modulated by random components, an analytical calculation of the resulting distribution is difficult. Thus, three simulations with 1000 runs each were performed to mimic human data. In every instance, γ LF (t) and γ HF (t) were randomly initialized and a signal with a duration of 2 hours at a simulated sampling rate of f s = 1 kHz was created. For a quantitative analysis, the real distributions are compared to fitted bimodal Gaussian distributions as well as the average of the Monte Carlo simulations in terms of a root-mean-square error (RMSE). A smaller value indicates a better match between real data and model.
Waveform Generation
To evaluate the proposed waveform generation approach quantitatively, the root-mean-square (RMS) value of the difference of the original signal and its recreation using ϕ card (t), ϕ resp (t), and the respective functions is calculated. This value is then normalized. If, for example, all three modulation functions are used, the figure of merit (FOM) is calculated via
The variable t is omitted for reasons of brevity. Here, a lower value indicates more similarity between model output and measured signal. This analysis is carried out for all databases. In addition to the RMS analysis, the models capability to reproduce the phenomenon of R-peak modulation in sync with respiration is tested. To quantify results, the correlation coefficient with and without the use of T resp,mod is calculated on the Fantasia ECG datasets.
To demonstrated a potential application for diagnostic inference, the extracted templates for the old and the young cohort of the Fantasia database are shown and compared qualitatively. In particular, differences in phase and amplitude are of interest.
For all analyzed modalities, the average templatesT card ,T resp,add , andT resp,mod are given. While sensor signals might in general be scaled differently and are represented by different physical quantities, all signals were normalized to unit variance before template extraction. Thus, quantitative comparison between modalities in terms of amplitude and phase is possible.
Multimodal Signal Synthesis
To demonstrate the synthesizers ability to create realistic multimodal biosignals, a virtual measurement that combines data from the three databases described above is created. In particular, the signals reference ECG, cECG, BP, BCG, nasal flow and thoracic effort are simulated and presented visually for qualitative analysis.
Finally, the synthesizer's potential for the analysis of sensor fusion algorithms is tested. In Hoog Antink et al. 2015, our group has presented an augmentation to an algorithm for beat-to-beat interval estimation , which incorporates information from previous intervals to improve the current estimation. It was demonstrated on healthy volunteers that this adaptive prior improves results when fusing video and BCG data. For details on the algorithm, the interested reader is referred to Hoog Antink et al., 2015) . In short, self-similarity of consecutive heart-beats is exploited for interval estimation. Thus, no a-priori information about the signal has to be available, which makes the algorithm modality-independent. In this work, the synthesizer is used to create a virtual unobtrusive measurement containing cECG (with templates from the UnoViS database) and BCG (with templates from the Polysomnography database). White Gaussian noise with different intensities is added. The model parameter k HF which modifies the HRV is varied in ten Monte Carlo simulations. The synthesized data is used to examine whether an increased HRV will decrease the algorithm's performance, which is evaluated in terms of the mean absolute RR-interval estimation error. Figure 5 shows excerpts of the respiratory phase signal, ϕ resp (t), the cardiac phase signal, ϕ card (t), the corresponding RR-interval series as well as the HF oscillator for an exaggerated synthetic example (f HR = 80 BPM = 1.33 Hz, f LF = 6 BPM = 0.1 Hz, f HF = 15 BPM = 0.25 Hz, k LF = 5×10 −4 , k HF = 1×10 −3 ). If one, for example, assume a cosinusoidal respiratory signal cos (ϕ resp (t)) = s 3 (t) and defines the inspiration phase to be at t| s 3 (t)>0 and t| s 3 (t)<0 to indicate expiration, one observes the physiologically correct respiratory sinus arrhythmia, that is, an increase in heart rate (decrease in RR-interval) during inspiration and the opposite behavior during expiration. Thus, by choosing the appropriate phase relationship, the proposed model exhibits desired deterministic physiological properties.
Results

Coupled Oscillators
To analyze the proposed approach of coupled oscillators in terms of its statistical properties, Monte Carlo simulations were performed to mimic Fantasia recordings, see Figure 6 . The records were selected because they exhibit distinct HF and LF components. In addition to measured and simulated data, a fitted bimodal Gaussian distribution is shown.
On average, one simulation took 12.93 seconds to run in MATLAB on standard Figure 5 : Synthetic example demonstrating respiratory phase signal (first row), cardiac phase signal (second row), resulting RR-interval (third row) and the state s 3 (fourth row) of the proposed coupled oscillator approach.
desktop PC (Intel i5-3450 @ 3.10GHz, 8GB RAM). The following parameters were set according to the values extracted automatically from the respective record: mean cardiac frequency, f HF , mean frequency of the LF oscillator, f LF , as well as mean frequency of the HF oscillator, f HF . γ LF (t) and γ HF (t) were created by filtering white Gaussian noise with a fixed standard deviation of 8 × 10 −3 with a fourth-order Butterworth low-passfilter with a cutoff frequency of f LF and f HF , respectively. The standard deviations of γ LF (t) and γ HF (t) determine the width of the respective peaks of the power spectrum, whereas the modulation constants k LF and k HF determine their heights. k LF and k HF were selected manually to match the observed distributions. All parameters are given in Figure 6 . As one can see, the different distributions can be approximated using the proposed approach. If one, for example, wanted to approximate the HF distributions in records f2o01 and f2y05 with higher accuracy, the standard deviation of γ HF (t) needs to be increased to create broader peaks. However, even without further optimization, the average RMSE between the observed distributions and Monte Carlo average was 1.05 A.U., while it was 1.12 A.U. for the fitted bimodal Gaussian approximations. Figure 6: Power spectrum of the RR-interval series of three selected records of the Fantasia database (top) as well as their recreation using the proposed coupled oscillator approach (bottom).
Waveform Generation
Fantasia Database
The numeric results of the proposed waveform / modulation approach are presented in Table 1 . Moreover, Figures 7 and 8 show the mean extracted templates for the Fantasia database. Several observations can be made. First, it can be seen that the proposed additive and modulation component based on the respiratory phase decreases the relative RMSE. Moreover, there are numerical differences between the old and the young cohort which are even more pronounced in the extracted templates. For example, the left subfigure in Figure 8 exhibits a much lower RSA amplitude in the old cohort, whereas the right subfigure exhibits a difference in phase. Additionally, the additive influence of the respiratory signal on ECG and BP is higher in amplitude for the young cohort, see Figure 7 . Interestingly, the modulation component for BP shows a very similar behavior for old and young, whereas it exhibits a phase shift for ECG. In Figure 9 , a visual impression is given of the waveform data recreated using the extracted templates and phase information. While the proposed approach of using an additional modulation template in fact decrease RMSE, the numerical differences to using only a cardiac template are relatively small and a Wilcoxon rank sum test showed no statistical significance. However, the proposed approach is aimed at generating more realistic cardiorespiratory signals, a quality not necessary captured by the RMSE alone. Thus, for each cardiac cycle, the height of the QRS complex was measured in the original signal, in the signal recreated only using T card as well as the signal recreated using T card ,T resp,add , and T resp,mod . Here, no normalization was performed to retain the physical unit. To quantify results, the correlation between measured and simulated height of the R-peak was calculated. As expected, the correlation values are close to zero (0.01 for old, 0.06 for young) if no modulation is used. Using the modulation approach, these values increase to 0.30 and 0.18, respectively. The results are presented graphically for an excerpt of recording "f1o01" in Figure 10 . Figure 10: R-peak height over time in the measured signal (x) as well as obtained with the model using no modulation (dots) as well as using the proposed approach (o).
Excerpt from record f1o01 of the Fantasia database. Figure 11 , the average template for BCG and the additive and modulation components are shown, numeric values are given in Table 2 . The cardiac templates for each subject were aligned before calculating the mean template over all subjects. The resulting mean template is shifted so that the maximum value appears at ϕ card = 0 for visualization purposes. Moreover, the reconstruction of BCG, PPG and FLOW1 are displayed in Figure 12 . The most prominent observation that can be made is that the BCG signal is mainly dominated by respiration. By using a cardiac template, only 3% of the signal's energy can be represented. By using additional adaptive and modulation respiratory components, this value can be increased to 21%. This value is still relatively low but can be explained by the fact that the waveform of the BCG sensor used is highly sensitive to the subject's position relative to the sensor. For better results, the proposed approach would need to be restarted every time the patient changed his or her position, which was not done in this proof-of-concept study. Moreover, the average template has to be interpreted with caution as it averages over all positions of all subjects and is thus likely to be overly smooth. The same is true for the respiratory components of the BCG signal. Still, a distinct additive template with a relatively high amplitude compared to the other modalities can be extracted. Table 3 reveals that the proposed approach using an adaptive and modulation component also reduces the RMSE for capacitively coupled ECG, although Wilcoxon rank sum test showed no statistical significance. In Figure 13 , the results for the first recording of the UnoVis Auto2012 database are shown. The cardiac templates are aligned such that the QRS complex of ECGREF corresponds to a phase of 0. One observation that can be made is that the amplitude and shape of the respiratory component strongly depends on the selected capacitive lead. For cECG1 and ECGREF, the modulation is very similar, while it seems to be inverted for cECG3. The additive component also shows strong variability, but its amplitude is relatively low compared to the cardiac template.
Polysomnography Database In
UnoViS Database
Multimodal Signal Synthesis
In Figure 14 , a virtual combination of several measurement modalities is shown. The oscillator parameters are the same as the ones used to create Figure 5 . The templates for ECGREF and cECG3 are taken from the first recording of the UnoViS Auto2012 database, i.e. the same dataset used to create Figure 13 . The BP templates are taken from subject "f2o01" of the Fantasia database. Finally, the templates for BCG, FLOW1 and THORAX are taken from one subject of the polysomnography database. Several observations can be made. First, the height of the R-peak is modulated in sync with the respiration in ECGREF. The same is true for cECG3 but with opposite sign. This is consistent with the observations described above (see Figure 13 ). Comparing ECG and BP signal, one observes a physiological delay between the R-peak and the peak in the blood pressure waveform. Comparing FLOW1, THORAX and the RR interval time series, one can see that the inspiration phase (shortening of RR intervals) coincides with a sharp drop in the thoracic effort signal, which is followed by a slow increase in the flow signal. The expiratory phase is characterized by a smooth change in the thoracic signal, followed by the flow signal with a small delay. This is consistent with physiological breathing in the case of active inspiration and passive expiration. The BCG signal exhibits the expected characteristic of being dominated by a respiratory component, on top of which a small cardiac signal can be identified.
In Figure 15 , the performance of the interval estimator with and without the use of an adaptive prior on a virtual measurement combining the unobtrusive modalities cECG and BCG is demonstrated. Three variations of k HF are shown. Hereby, k HF = 0.001 corresponded to a standard deviation of RR-intervals of 43 ms, while k HF = 0.002 and Figure 14: Virtual combination of conductive and capacitive ECG (rows one and two, record one of the UnoViS Auto2012 database), a blood pressure signal (row three, subject "f2o01" from the Fantasia database) and BCG as well as respiratory signal (rows four to six, one subject of the polysomnography database). Resulting RR-interval series generated by the coupled oscillator approach (row seven). k HF = 0.004 corresponded to 78 ms and 154 ms, respectively, while the mean interval was 750 ms in all cases. It is obvious from Figure 15 that the adaptive prior increases the estimators performance, especially when noise levels are high and even if the heart rate varies dramatically.
Discussion
The model allows the generation of multimodal cardiorespiratory signals with correct phase relationships and mimics several aspects of physiological coupling. As any model, the proposed approach has certain limitations. First, the model operates with a cardiac template represented in the cardiac phase domain, as is the case in the widely used ECG model presented in McSharry et al. 2003 . This is an elegant way of representing the cyclic nature of cardiac signals. Disadvantages are that all timing parameters, for example the distances between fiducial points in the ECG, are stretched and squeezed depending on the RR interval. This is not necessarily consistent with real ECG recordings, where timing parameters do not always depend linearly on the RR interval. This limitation, which is shared by the McSharry model, could be overcome by adding a phase-independent component, in the sense of a trigger that, for example, initiates an unstretched P-wave. Also, the model is limited to sinus rhythm, which could be overcome by creating separate models for pathological events, for example extrasystoles, and switching from one model to the other as done in Sayadi and Shamsollahi 2010. Obviously, these modifications would increase the model's complexity.
In its present state, the model does not allow for a change in respiratory pattern or amplitude, which could be overcome by switching patterns or by introducing an additional modulation component A RESP (t). This modulation component could be realized by a band-limited random and / or periodic signal and would be multiplied with the respiratory signal.
In the performed simulations, T RSA is assumed to be cosinusoidal, similar to the model proposed in Aboy et al. 2004 . While this assumption can be supported by averaged measurement data (see Figure 8) , an individual's T RSA might show deviations from the sinusoidal curve. Fortunately, the proposed model allows the implementation of a custom RSA function by modifying f 2 in equations 5 and 6. Even complex, dynamic approaches (Clynes, 1960) could be integrated. If the respiratory signal is augmented with respiratory amplitude variation, this could also be included, i.e. f 2 = f 2 (x 3 (t), x 4 (t), A RESP (t)). Thus, the dependency of RSA amplitude on respiratory frequency and tidal volume can be incorporated as reported by Hirsch and Bishop 1981 . The difference in RSA amplitude between the old and young cohort one observes (Figure 8 , left) is consistent with the literature (Hirsch and Bishop, 1981) . Additionally, the right subfigure in Figure 8 supports research indicating that the phase of the RSA is influenced by patient fitness and level of activity (Stefanovska et al., 2000) .
One advantage of the proposed model is the generation of a respiratory phase signal that is used for the generation of the sensor signal. This is in particular useful for modalities where the modification of the cardiac signal can be described more accurately by a respiratory component than by the RR interval, which also includes the LF oscillator component. This is most obviously the case for BCG, where the waveform is dominated by a respiratory component. Preliminary results also suggest that the Ramplitude variation can be derived more accurately from a respiratory signal than from the RR interval, which is the case in the McSharry model. This is however not the case for a blood pressure signal, where the amplitude strongly depends on the instantaneous frequency and thus also on the LF oscillator (de Boer et al., 1985a,b) . Moreover, no RRinterval dependent delay is used as is the case in Clifford and Mcsharry 2004a . Thus, models like the one proposed by Mahdi et al. 2017 should be used or included when quantitative blood pressure simulations are of interest. Although the Mahdi model does not rely on a dynamic systems, the influence of Mayer oscillations and respiration on the cardiac cycle is modeled similarly.
It is interesting to note that the Monte Carlo average shows slight deviations from the fitted bimodal Gaussian approximation and exhibits resemblance with a bimodal Laplace distribution, see Figure 6 . The non-Gaussian shape can be explained by the fact that although the jitter-components are created from white Gaussian noise, they are processed by a nonlinear system. After visual comparison and basic quantitative analysis of simulation results and measurement data, one can speculate that our model improves the representation of the observed measurement data. To answer this question, an extended quantitative analysis will be performed in the future.
The presented model is able to generate reference signals with known dependencies, statistical properties and segmentations. We have provided a basic example on how this can help to analyze the performance of medical signal processing approaches. In the future, we plan to use the model for extensive evaluation and optimization of sensor fusion algorithms. For this, the model will be augmented with realistic noise and artifact components as these pose major challenges to the reliable estimation of, for example, beat-to-beat intervals and respiratory rates. For classical modalities such as ECG and blood pressure, several approaches to model disturbances exist (Moody et al., 1984; Clifford, 2006; Sameni et al., 2007; Li et al., 2009; Marsousi et al., 2013) . Still, the majority of publications rather focuses on the detection and removal of noise and artifacts than on accurate modeling. The lack of appropriate artifact models is particularly severe for experimental and unobtrusive measurement modalities, such as BCG and the capacitive ECG, where relatively few publications exist (Ottenbacher and Heuer, 2009; Wartzek, Lammersen, Eilebrecht and Walter, 2011; Wartzek et al., 2013) . Thus, novel and general approaches to model multimodal artifacts have to be developed and implemented.
Conclusion
We presented a synthesizer framework for the generation of multimodal cardiorespiratory signals. The proposed model is driven by a dynamic system of coupled oscillators that generate modality-independent cardiac and respiratory phase signals. Respiratory sinus arrhythmia and mayer oscillations of the heart rate are incorporated which result in realistic distributions of simulated RR-intervals. From the phase signals, modalitydependent waveforms are derived. In particular, conductive ECG, capacitively coupled ECG, blood pressure waveforms, ballistocardiography as well as respiratory flow and effort are simulated. The simulated signals mimic important physiological dependencies of multimodal biosignals such as modulation due to respiration and exhibit plausible phase relationships. Finally, an application of the model to evaluate an algorithm for sensor fusion was demonstrated. We hoped that the model will provide a useful tool for the advancement of sensor fusion for multimodal biosignals.
